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ABSTRACT  
Over the last few years, polymer/layered silicate (PLS) nanocomposites have been an 
area of intense academic and industrial research. The combination of polymer and clays, 
at the nanoscale, often results in remarkably improved mechanical and functional 
properties, even at low filler concentration (1–5 wt%)  with respect to pure polymers or 
conventional composites (either micro- or macrocomposites). In this study, 
PLA/organoclay nanocomposites were prepared by means of a melt blending method. 
The novel contribution of this study is the optimisation of processing conditions by 
using statistical analysis. The experiments were statistically designed and carried out 
according to a 23 full factorial design with two replicate and two center points. The 
variables chosen for this study were mixing temperature, mixing speed and mixing time. 
Results showed that the optimum settings are 195°C for mixing temperature, 100 rpm 
for mixing speed and 5 min for mixing time. It is quite interesting to notice that the 
optimal control parameter settings are one which corresponds to trial condition. It shows 
that values observed in the experiment are almost similar to the values predicted by 
Minitab. 
Keywords: Nanocomposite; Poly(lactic acid); Design of experiments; Optimisation of 
processing conditions. 
INTRODUCTION 
Fillers play important roles in modifying the desirable properties of polymers and 
reducing the cost of their composites. The field of polymer nanocomposites, primarily 
based on layered silicates, such as montmorillonite (nanoclay), has drawn increasing 
attention from industry. The dispersion of the high-aspect-ratio nanoclay in the host 
polymers has been shown to impart substantial improvement on the mechanical, fire 
retardant, rheological, gas barrier, and optical properties, especially at low clay loading 
levels (as low as 1% (w/w)) in comparison with more conventional microcomposites 
(e.g., 30% (w/w) of microscale fillers) (Alexandre and Dubois, 2000). Such an 
improvement of the properties has motivated the academic and industrial communities 
to develop nanocomposites, playing on the composition or on the preparation method 
(Pluta et al., 2006). 
The dispersion morphology and the interphase that impart the valuable properties to the 
polymer nanocomposites material are born at the processing step. Which processing 
factor imparts the better level of dispersion is still under discussion (Pogodina et al., 
2008). Interaction between several factors greatly affects the performance of final 
products. Interactions can not be determined by changing only one variable at a time. If 
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factors and the interactions between correlated factors are known, the optimum 
operating condition can be determined. 
Design of Experiments (DOE) is widely used in research and development, where a 
large proportion of the resources go towards solving optimization problems. Statistical 
data analysis can help researchers predict better processing conditions or better 
properties, leading to better outcomes of studies of materials such as nanocomposites. 
Process and property optimisation can save time, costs and energy. Application of DOE 
techniques by the engineering fraternity is limited, and research shows that when 
applied they are often performed incorrectly (J.Antony and M.Kaye, 1995) due to lack 
of skills in manufacturing and lack of statistical knowledge (J.Antony and M.Kaye, 
1997). There are very few reports on the use of statistical analysis to optimise 
processing conditions of PLA/organoclay nanocomposites (Jollands and Gupta, 2010). 
The objectives of this study were to investigate the effects of temperature, speed and 
time on preparing nanocomposite composed of PLA and a constant amount of 
organoclay Cloisite® 30B (2 wt%), and to construct models to predict the modulus of 
nanocomposite. The influence of operating conditions on the organoclay dispersion 
(nanostructure) on the modulus of the nanocomposites will be discussed. The results of 
data analysis using Minitab software version 15 will be presented. 
EXPERIMENTAL 
Materials 
PLA 2002D from NatureWorks® was used as the matrix. Organically treated 
montmorillonite Cloisite® 30B from Southern Clay Product was used as filler. To 
remove water and other volatile components, PLA pellets and clays were dried in a 
vacuum oven at 50°C for 24 hours prior to processing. 
Nanocomposite Preparations 
PLA pellets were melt-blended with organoclay in a counter rotating Haake internal 
mixer. The samples were then immediately compression moulded before being 
subjected to mechanical measurements.     
Characterization 
An Instron model 4467 Universal Testing Frame was used to measure the Young’s 
modulus. The test was conducted at a constant rate of 5 mm/min at room temperature 
per ASTM D638 standard. Samples were dried in a vacuum oven at 50°C for 24 hours 
prior before testing.  
Experimental Design 
The objective of the DOE was to find the optimum processing conditions for preparing 
the nanocomposites. Three process variables were considered, temperature, speed and 
time. Two levels were chosen for each variable, namely temperatures of 175 and 195°C, 
rotation speeds of 60 and 100 rpm, and blending times of 5 and 9 minutes. Table 1 
shows the variables matrix for the DOE. A 23 full factorial experimental design with 
two replicate of the entire design and two center points would consist of 18 runs. 
Replicates are used to estimate the variance (experimental error) caused by slightly 
different experimental conditions. The experimental data were analysed using Minitab 
Statistical software. A significance level of 0.05 was used for all statistical analyses.  
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Tab.1: List of control parameters for the experiment 
Control 
parameters 
Parameter labels Low levels (-1) High levels (+1) 
Temperature  A 175 °C 195 °C 
Speed  B 60 rpm 100 rpm 
Time  C 7 min 9 min 
 
RESULT AND DISCUSSION 
Data analysis  
After obtained the response values, the first step in the analysis involves the 
computation of both main and interaction effects. 
Tab.2: Design matrix  
Trial (run order) A B C Average modulus (MPa) 
1(2) 
2(16) 
3(4) 
4(3) 
5(1) 
6(18) 
7(13) 
8(8) 
9(7) 
10 (9) 
11(6) 
12(11) 
13(14) 
14(12) 
15(17) 
16(15) 
17(5) 
18(10) 
195 
195 
195 
175 
175 
185 
175 
195 
175 
175 
195 
175 
195 
195 
185 
175 
175 
195 
60 
100 
100 
100 
60 
80 
60 
100 
100 
60 
60 
100 
60 
100 
80 
100 
60 
60 
5 
9 
5 
5 
5 
7 
9 
9 
9 
5 
9 
5 
9 
5 
7 
9 
9 
5 
5657.5 
5380.6 
6881.1 
6822.0 
7304.5 
4711.4 
5115.9 
4862.9 
7779.1 
4477.9 
5942.0 
6274.2 
5144.8 
6878.2 
5733.7 
5281.5 
5726.7 
4917.2 
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The main effects plot  
Main effects plot can be used to visualize the effect of the factors on the response and to 
compare the relative strength of the effects. To calculate main effects, the mean 
response at the low level of the factor is subtracted from the mean response at the high 
level of factor. For example, the effect of control parameter A can be calculated as 
follows: 
• Mean of modulus at high level = 5708.04 
• Mean of modulus at low level = 6097.73 
• Then, effect of control parameter A = 5708.04 – 6097.73 = -389.69  
A negative sign indicates that the slope of the line connecting the low and high values is 
negative. In other words, the average of modulus at the low level is higher than at the 
high level. Similarly, the effects of other control parameters can be estimated. Table 3 
summarizes the findings. 
Tab.3: Table for main effects for the experiment 
Control parameters Average modulus at 
high level (MPa) 
Average modulus at 
low level (MPa) 
Size of Effect 
(MPa) 
Temperature (°C) 5710 6100 -390 
Speed (rpm) 6270 5540 730 
Time (min) 5650 6150 -500 
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 Fig. 1: Main effects plot of modulus (MPa)  
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Although Minitab outputs indicate that the line is not horizontal, all three main effects 
were not significant since the p-value (P) is greater than 0.05. Fig. 1 shows that modulus 
increased with speed and decreased with temperature and time, although for all three 
variables the center points were lower than either the high or low values. By comparing 
the slopes of the lines on the plots, the relative magnitude of the factor effects can be 
compared. These plots show that the three variables had similar magnitude of the 
effects, with speed being the largest followed by time and temperature. 
The interaction plot  
An interaction plot shows the impact that changing the settings of one factor has on 
another factor. To compute the interaction, it must be first obtained the average modulus 
at each level combination of these control parameters. There are all together four 
combinations of levels between these two parameters, A
-1B-1, A-1B+1, A+1B-1, and 
A+1B+1. 
Tab.4: Average response table 
A B Average modulus (MPa) 
-1 -1 5660 
-1 +1 6540 
+1 -1 5420 
+1 +1 6000 
 
Interaction effect (A x B) 
= ½ (Effect of A at high level of B - Effect of A at low level of B) 
= ½ [(6539.2-5656.25) – (6000.7-5415.38)] 
= 148.82 
Similarly, the interaction between A and C and the interaction between B and C can be 
estimated. Table 5 illustrates the estimated interaction effects for the experiment. 
 
Tab.5: Table of interaction effects 
Interaction effects Estimate of the effect 
A x B 148.815 
A x C 253.535 
B x C -390.465 
 
An interactions plot is used to visualize the interaction effect of two factors on the 
response and to compare the relative strength of the effects. The more the lines diverge 
from being parallel, the more the interaction.  
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 Fig. 2: Interaction plot between variables of modulus (MPa) 
 
As the lines are non-parallel in the interactions plot shown in Fig. 2, this indicates that 
there is an interaction between two parameters. For temperature and speed, modulus 
increases with speed, but it increases more at the lower temperature (black line). For 
temperature and time, modulus decreases with time, but the change is greater when the 
temperature is high (green line). For speed and time, modulus decreases at high speed 
(green line) and doesn’t change at low speed (black line). 
However, the main effects plot and interaction plot does not tell us which of the main 
and/or interaction effects are statistically significant. Under such circumstances, it is 
good practice to employ normal probability plots (Benski, 1989). 
Normal effects plots are used to compare the relative magnitude and the statistical 
significance of both main and interaction effects. Minitab draws a line to indicate where 
the points would be expected to fall if all effects were zero. Points that do not fall near 
the line are more significant. The normal plot diagram for this study can be seen in Fig. 
3. This indicates that none of the interactions are significant at the 0.05 α-level.  
Pareto chart of the effects also can be used to compare the relative magnitude and the 
statistical significance of both main and interaction effects. Minitab plots the effects in 
decreasing order of the absolute value of the standardized effects and draws a reference 
line on the chart. Any effect that extends past this reference line is significant.  
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 Fig. 3: Normal effects plot 
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 Fig. 4: Pareto chart of the effects 
Fig. 4 shows a pareto chart of control parameters at 5% significance level. This also 
shows that none of the effects are significant. According to Antony and Capon (1998) 
significance level is the risk of saying that a factor is significant when in fact it is not. 
Although trends were seen in Fig. 2, Fig. 3 and 4 show that main effects and interaction 
are not statistically significant at 5% significance level (or 95% confidence level). The 
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lack of significance of observed parameters may be because the range between low and 
high levels was not sufficient. The Pareto Diagram also shows the sequence of the 
effects from the greatest to least: so factor B had the greatest effect, and the interaction 
AB, the least. The next step is to determine the optimal settings of these parameters that 
will maximise the modulus.  
Determination of optimum conditions  
The optimum conditions can be determined using the Minitab Response Optimizer. 
Response optimization is often useful in product development when need to determine 
operating conditions that will result in a product with desirable properties. The 
optimization plot shows how the factors affect the predicted responses. 
The result show that the optimum setting are temperature = 195°C, speed = 100rpm and 
time = 5 min. The goal is to maximize modulus; according to the fitted models, the 
modulus of samples made at these conditions is predicted to be 6880 MPa. The optimal 
control parameter settings are one which corresponds to trial condition 3 and 14 (see 
Table 2, modulus 6880). It is interesting to note that the two trials produced identical 
measured values of modulus, and these measured values are identical to the experiment 
ones.  
It should be noted that determination of the optimum conditions is specific for this one 
nanocomposite material in this one mixing configuration. When different materials or 
mixers are used then the optimum conditions will also change. 
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CONCLUSION 
The popularity of DOE is due to its tremendous power and efficiency. When used 
correctly, DOE can provide the answers to specific questions about the behaviour of a 
system, using an optimum number of experimental observations. Conclusions obtained 
from this study are: 
1. The factor with most influence on the modulus of these PLA/organo 
nanocomposites is speed, followed by time and lastly temperature. Interaction 
effects are also prominent. 
2. Optimum mixing settings obtained from this study are 195°C for mixing 
temperature, 100 rpm for mixing speed and 5 min for mixing time. 
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